This study explores for the first time the possibility of using an evolutionary algorithm (EA) for the determination of atomistic rates for use in kinetic Monte Carlo (KMC) simulations of anisotropic etching of silicon for the manufacture of microelectromechanical systems (MEMS). Traditionally, KMC rates are determined based on (i) computationally expensive density functional theory (DFT) calculations or, when possible, (ii) a combination of physical insight and a labor-intensive, manual procedure where, e.g., experimental and simulated surface morphologies are visually matched for a collection of surface orientations. Compared to these approaches, the evolutionary KMC method proposed in this study provides a more flexible, autonomous procedure to describe correctly a wide variety of etching conditions. We focus on the use of a functional representation of the atomistic rates, referred to as the removal probability function (RPF). This simplifies the EA search space to just a few parameters and reduces the number of required experimental data points to just a few etch rates. By proposing two alternative RPFs with four and six parameters, respectively, we show that the ability to explain the orientation dependence of the etch rate for a wide variety of etchants increases with the number of parameters and conclude that the six-parameter RPF provides sufficiently good simulations for a wide range of etching conditions, including KOH, KOH+IPA, TMAH and TMAH+Triton at different concentrations and temperatures. By uncovering the relationships between the parameters and the concentration of the etchant, it is possible to extend the simulations to nonmeasured etching conditions. Although the use of an RPF effectively restricts the search to a subspace of the atomistic rates, the present results suggest that physically meaningful KMC rates can probably be determined in the near future by direct comparison of macroscopic experiments and simulations through the use of evolutionary strategies.
Introduction
The kinetic Monte Carlo (KMC) method is typically used to solve problems that involve competing atomistic reactions at interfaces, with applications in heterogeneous catalysis, surface growth, chemical etching, crystallization kinetics, alloys and other fields. The method is also an attractive choice to help researchers understand a number of fabrication processes in the area of micro/nanoelectromechanical systems (MEMS and NEMS). As an example, KMC has been used to simulate plasma etching [1, 2] and the Bosch process [3, 4] . It has also been used to describe the surface morphology and the underlying atomistic reactions during anisotropic wet chemical etching of silicon [5] [6] [7] [8] [9] .
In order to apply the KMC method, however, one needs to have a rather complete picture of the physical and chemical aspects of the problem, including a list of all possible events and their rates of occurrence, before the time evolution of the process can be simulated. Although the processes and their atomistic rates are often derived from calculations based on density functional theory (DFT) [10, 11] , it is also possible to determine the rates by direct comparison of the macroscopic features of the simulated systems and their experimental counterparts [5] or, alternatively, by direct comparison of mesoscopic aspects of the simulations and experiments, such as the surface morphology [7, 8] . However, this is a laborintensive task for researchers, requiring a trial and error approach as well as dedicated training to eventually discern how to converge the set of atomistic rates to a reasonable, physically meaningful solution.
As an alternative, this paper provides a first attempt to determine the KMC rates autonomously by making use of an evolutionary algorithm in order to single-handedly guide the parameter search without any major involvement by the user. The study is part of a larger effort to ascertain the advantages and limitations of the use of evolutionary algorithms for the determination of KMC rates in a wide range of processes, including etching, growth, heterogeneous catalysis and chemical kinetics in general.
In this study we focus on anisotropic wet chemical etching of silicon [12] . Sometimes preferred over dry etching, the popularity of wet etching is due to the low cost and easy setup as well as to the unmatched ability to release suspended structures, the possibility of generating smooth surfaces and the power of processing many wafers simultaneously. Prior to this study, the simulation of the etching process had been performed successfully by the use of continuous cellular automata (CCA) [13] [14] [15] [16] [17] [18] [19] [20] , which provided an unprecedented ability to quantitatively match the experimental orientation dependence of the etch rate of silicon and quartz in alkaline etchants. In the CCA approach, the atomistic rates of the surface atoms are determined by one of two alternative approaches: (i) an analytical derivation of a system of equations, where each equation relates (a) the macroscopic etch rate for a particular Si{h k l} plane to (b) the atomistic removal rates of the atoms appearing on that plane, thus enabling the calculation of the atomistic rates by manually inverting the system of equations [14, 15] ; and (ii) an evolutionary algorithm (EA) conceived to automate the determination of 150-250 atomistic rates simultaneously, based on the minimization of a cost function that compares the experimental and simulated macroscopic behavior, and promotes solutions that follow a physically meaningful stepflow hierarchy of the removal rates [19, 20] . Such an EA approach has enabled the automated determination of the CCA atomistic rates for a wide range of silicon etchants, including KOH, KOH+IPA, TMAH, TMAH+Triton [19] , as well as quartz etchants, such as NH 4 HF 2 [20] , also reaching out to the characterization of isotropic etching. Based on the fact that the CCA and KMC methods stand as similar atomistic methods that can be used alternatively to describe the propagation of arbitrary surfaces, in this study we focus on applying the previously successful evolutionary strategy to the determination of KMC rates.
The main difference between the CCA and KMC methods is the sequential character of KMC and the parallel nature of CCA. Essentially, in a KMC simulation each random event is performed after the previous event has been completed, a procedure that describes well the behavior of real systems at the atomistic and intermediate scales. In contrast, in a CCA simulation many events are typically performed simultaneously and deterministically, which is particularly suitable to describe certain features of the macroscopic behavior of real systems. However, these differences have a strong effect on the underlying link between the microscopic and macroscopic properties of the system, such as the relation between the activation energy of the overall rate of etching, growth or production of a chemical species and the microscopic activation energies for the various processes (such as those obtained using DFT). It has been shown for instance that the activation energy is well described by the sequential nature of the KMC model [21, 22] while a similar analysis in the parallel, deterministic CCA framework leads to paradoxical results [17] . For this reason, we consider that the evolutionary determination of KMC rates initiated by this study has the potential to clarify further (over the CCA limitations) other relations between microscopic and macroscopic variables in heterogeneous catalysis, surface growth, chemical etching, crystallization kinetics and chemical production in general.
Based on the deterministic nature of the CCA method, it is possible to exactly track the changes in the site-type history of any removed atom on any crystallographic orientation, thus enabling the derivation of the equations that describe the functional dependence of the orientation-specific etch rates in terms of the atomistic rates of those atoms appearing on those planes. In the KMC method, however, it is difficult to obtain the particular analytical expressions that connect the orientation-specific rates to the atom-specific rates: the etch rate of any crystallographic orientation directly depends on the particular values of the surface fractions of the atoms that appear on that surface and these depend themselves on the particular values of the atomistic rates taken by the different atom types. In addition, due to the stochastic and sequential nature of the KMC method, the derivation of the steady-state etch rate of any Si{h k l} plane requires a large number of atom removals (Monte Carlo events). For these reasons, we consider that an iterative, evolutionary algorithm might currently be the only feasible approach to determine the particular values of the atomistic rates that lead to a particular macroscopic behavior. In some sense, the evolutionary algorithm enables the iterative determination of the atomistic rates by effectively inverting the implicit system of equations whose particular functional form cannot be explicitly formulated.
As a first attempt to determine KMC rates by an evolutionary approach, in this study we restrict ourselves to the use of the removal probability function (RPF) in the context of anisotropic etching of silicon [13] . The idea is to assume the existence of a function r(n 1 , n 2 ) that describes the removal rate of any surface atom as a function of the number of neighbors, where n 1 and n 2 denote the numbers of first and second neighbors, respectively. The RPF will typically depend only on a small number of parameters, r a1, a2, a3, . . . (n 1 , n 2 ), so that one only needs to determine these parameters instead of a large number of removal rates for the different neighborhood configurations. As an example, for a silicon substrate the maximum number of first neighbors is 4 and the maximum number of second neighbors is 12, leading to 4 × 12 = 48 possible removal rates. The intention is to describe all 48 entries by using a simple function characterized by a bunch of parameters. Thus, the conversion of macroscopic experimental etch rates into atomistic KMC removal rates is understood in this paper as a functional operation, enabled by the use of the RPF whose parameters are optimized by the EA. In future studies we plan to address the direct determination of the KMC rates by the EA strategy.
Traditionally, the particular functional form of the RPF and parameter values have been determined by geometrical arguments and visual fitting of the simulated and experimental etched profiles for a set of mask designs [6, 13] . This has limited the applicability of the RPF approach to the etching condition of KOH 30-40 wt% at 70 C. Since the RPF-based KMC model is computationally efficient, this study considers a modified functional form of the RPF and associated new parameters to describe a wider range of etching conditions. The purpose is to eventually enable the simulation of more complex micromachining processes by the KMC method.
The paper is organized as follows. Section 2 presents the KMC model and the traditional functional form of the RPF. In section 3, the main features of the evolutionary algorithm are introduced, including a presentation of the surface orientations, whose macroscopic etch rates are used to compare simulations and experiments in order to characterize the fitness of each population of solutions. In section 4, the limitations of the traditional RPF are discussed and a modified RPF is proposed to expand the range of atomistic rates described by this approach. This improves the overall accuracy of the KMC simulations, showing that the KMC method can be quantitatively used to describe a wide range of etching conditions for micromachining applications. Finally we present our conclusions in section 5.
Kinetic Monte Carlo method
KMC simulations aim at reproducing faithfully the time evolution of (non)equilibrium systems by generating a sequential chain of random atomistic events and determining the time increments between them. This allows studying the time evolution from any given initial condition to the steady state determined by the relative rates of the atomistic processes. See [6] for a review of the most popular KMC methods.
Typically, the next event is found by randomly searching among the rates of all the currently available events and the time increment is determined as the inverse of the sum of all the rates. The search for the next process may become very time consuming when the number of processes N is very large (e.g. millions). This can be minimized by grouping the processes into a tree structure. In the K-level search (KLS) method [6, 23, 24] , the rates of the processes are pictured as the leaves of a tree. Every g rates are summed together to produce a new rate (partial sum) that is stored one level below the leaves of the tree. Grouping is continued at gradually lower levels until the number of partial sums at the lowest level is equal or smaller than g. The total number of levels K satisfies the relation g K N and is easily determined by K = log(N)/log(g), where K denotes the smallest integer larger than the float number. For instance, if we choose a bin size of g = 8, a system with one million process rates can be described with K = 7 levels (8 7 = 2097 152 > 10 6 ). Thus, one big search within millions of rates at the leaf level of the tree can be substituted by K = 7 searches, each of them performed inside a bin containing only g = 8 rates at a different level of the tree. See [6] for further details.
KLS is a very general method that contains many popular methods. These are obtained by fixing the number of levels K and/or the bin size g. Examples are Maksym's binning method with K = 2 and g = N 1/2 , linear search with K = 1 and g = N, binary search with K = log(N)/log(2) and g = 2, quadtree search with K = log(N)/log(4) and g = 4, and octree search with K = log(N)/log(8) and g = 8. Linear search and binary search are the most extreme choices, with the largest possible bin size for the former and the smallest for the latter. In practice, the methods where g is even (such as binary search, quadtree search and octree search) are typically the most efficient choice since their implementations benefit from the use of fast bit shifting operations as replacements for multiplication and/or division operations at the algorithmic level. See [23] for further details.
In addition to a large efficiency, in this study we focus on the octree search implementation since the same octal tree structure can be used to store the complex evolving atomistic surface with minimal memory [6, 23] . The idea is that the root node of the tree can be used to represent the entire space of the simulation, topologically a cube. This cube is subdivided into eight equal subregions in 3D space (octants), which are represented by g = 8 children nodes located one level higher from the root in the tree. The resulting occupied octants (i.e., those containing surface points) are further subdivided into eight octants again-and corresponding nodes are inserted in the tree one level higher. Partitioning is continued until any further subdivision is impossible due to the finite size of the original set of surface points. In this way, the octree develops new branches from each level upward only in the octants where surface atoms are present. This concentrates the storage effort at the regions where data is really needed, thus reducing significantly the computational memory requirements for complex etch fronts. The key aspect in our implementation is that the topological octree used to store the silicon substrate by using little memory is also used to efficiently search the rates of the processes to determine the next KMC event. The combined octree topology and octree search approach is referred to as the octree-search kinetic Monte Carlo method (OS-KMC). Further details are given in [23] .
In practice, instead of storing one single particle at the leaves of the tree structure, each leaf stores a pointer to one orthorhombic unit cell that holds a set of atoms. The storage path of each surface atom can be quickly calculated from the spatial coordinates of the particle by bitwise concatenation and shift operations without any need for traversing the whole list of surface atoms [23] . Because every atom has its own storage location path, the maintenance work for rebuilding the tree during the KMC calculations can be ignored [23] . With the help of a binary representation of the octree coordinates, both the partial sum updates and the target atom location become a fast lookup process [23] . The hierarchical structure, spatial addressability and presorted nature of the octree significantly simplify such operations as detecting the surface atoms, finding and updating the neighborhoods after surface removals and other related calculations [23] .
The removal rate of a surface atom is calculated by using a removal probability function (RPF), r(n 1 , n 2 ), in which the atomistic removal rate is a function of the number of nearest neighbors n 1 and next-nearest neighbors n 2 [13] :
where
2 ), and n 0 1 , n 0 2 , ε 1 and ε 2 are the parameters of the function. ε 1 and ε 2 can be thought as average energies of the interaction between first and second neighbors. n 0 1 and n 0 2 are the threshold energy in units of ε 1 and ε 2 , below which an atom with less first and second neighbors will be easily dissolved. β contains the Boltzmann constant k B and relates to the inverse temperature. Given an etchant at a certain temperature, r(n 1 , n 2 ) is controlled by four parameters: n 0 1 , n 0 2 , ε 1 and ε 2 . In a KMC simulation, the etch rate of an {h k l} plane is a function of the removal rates of the atoms that appear on that surface. Thus, different etchants at different concentrations and temperatures are expected to have associated different values of the removal rates for the same atoms. Although it is in principle possible to directly optimize the atomistic removal rates by an evolutionary algorithm, there are some advantages in restricting the focus of the present study to the optimization of just a few RPF parameters, such as n 0 1 , n 0 2 , ε 1 and ε 2 . Simply put, this provides a limited number of parameters to control tens or hundreds of different rates for possible surface atoms. In addition, an understanding of the temperature and concentration dependence of the RPF parameters is expected to extend the applicability of the KMC method to other etching conditions where experimental etch rates are not available. Finally, a small set of optimized variables typically means faster calculations and a need for less experimental data.
Evolutionary algorithm
Based on the success in the use of an EA to determine the atomistic removal rates for the CCA method in [19] , in this study we focus on applying a similar approach for the determination of the atomistic removal rates used in the KMC method. Figure 1 shows the flow diagram of the proposed EA in this study. It should be noted that the 'evolutionary' procedure is not used inside the KMC simulations in order to 'evolve' the etch front forward in time. It is the KMC method that is used repeatedly inside the EA in order to determine the quality (error) of the currently proposed solutions against the experimental result, as depicted in the figure and explained next.
An evolutionary algorithm is a search method characterized by (i) keeping a population of N test solutions (or individuals) and (ii) improving the quality of the population by progressively modifying the solutions one generation after another. Here, a 'solution' (or 'individual') refers to a collection of values for the RPF parameters (e.g. n From these parameters we obtain the removal rates of all considered surface atoms, as indicated in the second column of box 'A'. The OS-KMC model is used to simulate wet etching on nine representative surface orientations for each population individual, as described in the third and fourth columns of box 'A'. The particular choice of nine surface orientations used in the present study is described in section 3.1 below. The simulated etch rates are compared to the experimental etch rates in order to obtain the error of each solution, as shown in the fifth column. The process is referred to as objective function evaluation in the figure. Since the errors provide a way to determine the relative quality (or fitness) of the currently proposed solutions, the determination of the error is also described as fitness assignment in the figure. If the error of the best individual (the minimum error in the figure) is still large, evolutionary operators are used to modify the population. This is done by applying (i) selection, to choose randomly parent solutions; (ii) recombination, to crossover the variables of two parent solutions in order to generate offspring solutions; (iii) mutation, to modify randomly the values of a few variables of every offspring solution; and (iv) insertion, to retain the best N individuals after adding the offspring to the population. Once these changes have been performed, the quality of the new population is evaluated again by using the OS-KMC method (objective function evaluation/fitness assignment). The basic structure of the EA is depicted by loop 'B' in the figure. In this manner, the EA focuses on improving the overall quality of the population instead of centering the attention on a single solution, as done in more traditional methods, such as conjugate gradients. One of the most important features of the EA is that it is a general method where no assumptions are made about the continuity of the solution and their derivatives with respect to any of the variables being optimized. Further details about the evolutionary operators are given in section 3.2 and [19] .
In addition to defining an objective function to characterize the error of each individual, the ranges of the RPF parameter values are monitored in order to enforce the realization of step-flow propagation of the etching front. This is based on fundamental, physical insight, whereby atoms on (1 1 1) terraces should be assigned lower removal rates while atoms located on morphological steps should display higher removal rates. This is described in figure 1 by the text box reading 'Enforce predefined constraints'. This needs to be fulfilled during initialization as well as during the application of the evolutionary operators at every generation.
Selected {h k l} planes
Considering the step-flow nature of wet etching, an analysis of the atomistic structure of the steps on the different surface families indicates that different {h k l} planes have different surface sites. While in the cellular automata models a group of identical atoms is removed simultaneously in each time step [6, 14, 15] , in the Monte Carlo method a single atom is removed in each step [6] . Because of this feature, the number of atom types involved in the etching of a specific {h k l} plane is larger in a KMC simulation. In order to characterize the behavior of many different surface atoms, the EA considers a collection of surface orientations so that the error between the experimental and simulated etch rates can be determined, in this manner serving to guide the search. Besides the three primary orientations of the silicon crystal, additional {h k l} surfaces are considered. For crystalline silicon there are six main families of surface orientations, obtained as one moves away gradually from each of the three main orientations toward the other two. These are described in full detail in [14] . Two surface families are found between {1 1 1} and {1 0 0}, namely {h+2 h h} and {h 1 1}. The {h+2 h h} surfaces (with h > 1) display steps in alternation with '{1 1 1}-terraces'. On the other hand, the {h 1 1} family (with h > 2) is 'steprich', meaning that the steps occupy a larger fraction of the total area and the terraces are made of {1 0 0} planes. In a similar manner, there are two families of surfaces between {1 1 1} and {1 1 0}, namely {h+2 h+2 h} (terrace-rich) and {h h 1} (step-rich). The {h+2 h+2 h} surfaces (with h > 1) display '{1 1 1}-terraces' while the {h h 1} surfaces (with h > 2) exhibit '{1 1 0}-terraces'. The {h+2 1 0} and {h 10} families (with h > 1 and h > 2, respectively) appear at the vicinal surfaces between (1 1 0) and (1 0 0). Typical surface orientations from the six families are shown in figure 2. Since the characteristic atomistic structure of the step and terrace regions is the same within the members of a family, one can typically select one orientation from each family. We choose the planes (3 3 1), (2 2 1), (2 1 1), (4 1 1), (3 1 0) and (2 1 0) from the {h h 1}, {h+2 h+2 h}, {h+2 h h}, {h 1 1}, {h 10} and {h+2 h 0} families. Together with the three basic orientations (1 0 0), (1 1 0) and (1 1 1), they make up the collection of nine orientations used to define the objective function for the EA optimization. These target surfaces contain different combinations of (n 1 , n 2 ) atom types. The locations of the nine selected orientations on a typical plot of the orientation dependence of the etch rate are shown in figure 3 . 
EA implementation
The variables to be optimized are n 0 1 , n 0 2 , ε 1 and ε 2 . These can be represented with a binary or real coding scheme. To initialize the population, N random vectors are chosen as follows:
where m is the generation and N is the size of the population. Each row vector is an individual of the population. Using the RPF, the removal rates of the surface atoms are determined for each individual. In the next step, the program builds 50 × 50 nm 2 silicon substrates for the nine selected orientations, and performs etching on these surfaces. The etch rate is calculated after one million atoms are removed from 6 each plane. Thus, the following etch rates are determined in each generation:
.
A simple sequential evolutionary algorithm is used to iteratively search the optimal RPF parameters, defined as the set of parameters for which the simulated etch rates are closest to the experimental data. This optimal solution (typically obtained after many generations) corresponds to the best individual of the population (minimum error in figure 1 ). For crossover, two individuals from the population are randomly paired. Using a binary representation of n ), (ε 1 parent1 , ε 1 parent2 ) and (ε 2 parent1 , ε 2 parent2 ). For each string pair, a random site is chosen among the string bits and the string elements right to the random site are exchanged. Usually crossover serves as the major evolutionary operator and the crossover rate is set to 0.6. The two generated new children become members of the next generation. In this study, the usage of mutation is restricted by setting the mutation rate equal to 0.005. After adding the new children to the population, only the best N individuals are retained (between old and new solutions).
The errors with respect to the experimental etch rates for the 9 chosen surface orientations are used to calculate the fitness value of each population individual (Error i in figure 1 ):
The fitness is calculated as a weighted average of the absolute error between the experimental data and the KMC simulations. w j is the weight for the etch rate error of each plane. The evolutionary algorithm terminates after (i) a predetermined maximum number of generations, or (ii) it has converged to a solution, which occurs when no improvement is observed in the fitness values for the best individual for a number of generations. After searching the RPF parameters, plotting the values of n 0 1 , n 0 2 , ε 1 and ε 2 against temperature and concentration for an etchant can be used to interpolate the parameter values in order to simulate etching in a wide range of etching conditions.
Results and discussion
In order to test the method presented in this paper, simulations are carried out for various Si{h k l} orientations every three degrees in the (1 1 0)-(1 1 1)-(1 0 0)-(1 1 0) regions, as shown in figure 4 . The RPF parameters are obtained by the EA based on experimental data for KOH 30 wt% at 79.5 C and TMAH 25% with Triton at 80 C, respectively. The orientationspecific etch rates simulated by the KMC method follow closely the experimental data even when the two etchants show very different behavior at vicinal (1 1 0) planes as well as at {h+2 1 0} and {h 10} family planes. Figures 4(c) and (d) illustrate the atom-specific removal rates used by the KMC model in the two etchants. These results show that the EA is capable of optimizing the RPF parameters for realistic KMC simulations by using a small set of experimental etch rates. In figure 5 , we show the parameters n 0 1 , n 0 2 , ε 1 and ε 2 as a function of concentration for KOH. ε 1 varies smoothly as the concentration increases. ε 2 displays a maximum at KOH 40 wt%.
Usually in wet etching experiments one or two local minima of the etch rate can be found in the (1 1 1)-(1 0 0)  and (1 1 1)-(1 1 0) regions for commonly used etchants. Local minima typically appear around the (1 0 0) and/or (1 1 0) planes. In most pure solutions of KOH and TMAH, the etch rate curve shows a local minimum at (1 0 0) and one plane from the {h 1 1} family shows the maximum etch rate in the (1 1 1)- (1 0 0) region. In such cases, the EA can successfully optimize the four parameters of the RPF based on the experimental data. This is shown in figures 4(a) and (b) , where the etch rates obtained by using the EA-calibrated RPF parameters show good agreement with the experiment in both (1 1 1)-(1 0 0) and (1 1 1)-(1 1 0) regions for KOH and TMAH +Triton. However, in other etchants, such as KOH 24 wt% + IPA at 76 C or pure TMAH 25 wt% at 80 C, the etch rate of (1 1 0) becomes a local minimum surrounded by a local maximum [25] , as shown in figure 6 . In these cases, the etch rates obtained by using the EAcalibrated RPF parameters do not follow the experimental data in that region. This indicates that the classification of surface atoms by the total number of first and second neighbors (n 1 , n 2 ) may effectively mix some of the surface atom types, especially for the case of the atoms located on (1 1 0) vicinal planes.
Modified RPF
Since the RPF function is unable to represent etching conditions with a local minimum in the etch rate near (1 1 0) , a modified RPF is hereby proposed:
The four indices (n FS , n FB , n SS , n SB ) are known to unambiguously characterize all possible surface sites [14] . n FS and n FB denote the numbers of first neighbors at the surface and in the bulk, and n SS and n SB stand for the numbers of second neighbors at the surface and in the bulk, respectively. As before, β = 1 k B T , p 0 = (1 + e −βE 1 )(1 + e −βE 2 ) and E 1 , E 2 , ε FS , ε FB , ε SS and ε SB are the six parameters of the newly proposed function. ε FS and ε FB can be thought as average energies of the interaction between first neighbors located at the surface and in the bulk, respectively. ε SS and ε SB stand for average energies between second neighbors at the surface and in the bulk, respectively. E 1 and E 2 are the threshold energy for total first and second level neighborhoods. In this manner, 4096 removal rates are controlled by the six parameters E 1 , E 2 , ε FS , ε FB , ε SS , ε SB . Accordingly, the EA population is built from the following N individuals:
. Figure 7 shows that EA-calibrated parameters of the modified RPF are able to reproduce not only qualitatively but also quantitatively the major features of the etch rate anisotropy. For both KOH 24 wt% + IPA at 76 C and TMAH 25 wt% at 80 C, the two local minima of the etch rate in the (1 1 1)-(1 0 0) and (1 1 1)-(1 1 0) regions agree well with the experimental data. In comparison to the four parameter RPF, the modified RPF shows an overall better description of most etch rates. In the case of KOH 24 wt% + IPA, for (h h 1) family planes, the average relative error in RPF model is 11%, while it reduces to 4% by using modified RPF. For TMAH 25 wt% solution, the average relative error of etch rates of (h h 1) family planes is 15% and 5% for RPF and modified RPF model respectively. Moreover, the results show that the evolutionary KMC is a flexible approach that can be successfully applied to different etchants, at different temperatures and concentrations. In figures 7(a) and (b), the artificial-looking deviations from the experimental curves are assigned to the effectively restricted search induced by the RPF parameter exploration, which makes the search in the total space of atomistic rates less thorough than it would be by directly optimizing the rates themselves.
Further applications
The previous results suggest the possibility of using the KMC model for the simulation of three-dimensional etch profiles shown in figure 8 stress the idea that the KMC method is also useful for microstructure modeling. Figure 9 presents a collection of simulated surface morphologies obtained in KOH 30 wt% at 79.5 C. Typical etch pits are observed on (1 1 1) while straight and zigzag steps are seen on (h+2 h+2 h) and (h+2 h h), respectively. Hillocks and related typical morphologies on other orientations are also shown. These are obtained by simply adding random micromasks on (1 0 0) and related surfaces, similarly as described in [18] . Instead of the expected pyramidal hillocks, the protrusions in figure 9(i) for (1 0 0) resemble vertical columns. These correspond well with the formation of elongated protrusions perpendicular to the steps and parallel to the terraces in figure 9(d) for (17 17 19) . Both shapes, on (1 0 0) and (17 17 19) , can be explained by assuming a slightly too fast etching of the edges of the expected pyramidal hillocks. Due to this localized overetching, the morphological performance of the converged evolutionary solution can be regarded as slightly deficient. We assign this deficiency to the restrictions imposed by the use of the RPF, which inherently limits the search of the removal rates for all the surface atom types to a restricted region of the true search space. Even if the KMC rates turn out to be slightly deficient, the use of the RPF in this study is useful to demonstrate that the rates can be automatically obtained with an evolutionary algorithm.
In agreement with the experiments [27] [28] [29] , this shows that both the macroscopic features of the propagating fronts and the evolving morphological features can be described by the proposed evolutionary KMC method. The KMC algorithm used in this study has a good computational performance and low storage requirements. The presented simulations are performed using VisualTAPAS [30] . For the simulations performed in this study, the CPU time per KMC event is about 10 μs by using a typical desktop computer with an Intel 2.8 GHz processor. The selection of the next KMC event from the sum of rates and the management of the tree structure are greatly facilitated by the properties of the octree implementation.
Conclusions
This study is part of a larger effort to determine the advantages and disadvantages in the use of EA for the assessment of atomistic rates for KMC simulations in a wide range of processes, including etching, growth, heterogeneous catalysis and chemical kinetics in general. For the particular case of anisotropic etching of silicon for MEMS applications, the present study explores for the first time the EA approach by using a functional representation of the atomistic rates, namely the so-called RPF. Although this simplifies the EA search space to just a few parameters and reduces the number of required experimental data points to just a few etch rates, the obtained results suggest that this approach effectively makes the search less exhaustive than it would be by directly optimizing the rates themselves. Nevertheless, the use of two alternative four-and six-parameter RPFs shows that the ability to explain the orientation dependence of the etch rate for a wide variety of etchants improves as the number of parameters is increased, since a wider range of atomistic rates is effectively explored. The evolutionary calibration of the six-parameter RPF based on using only nine experimental etch rates provides sufficiently good simulations in a wide range of etching conditions, including KOH, KOH+IPA, TMAH and TMAH+Triton at different concentrations and temperatures. Small systematic deviations observed in the etch rate dependence in comparison to the experimental data are assigned to the restricted character of the search induced by the RPF parameter exploration, probably biased with respect to a thorough search in the total space of atomistic rates. Compared to previous CCA simulations, where the atomspecific rates were determined by matching the complete range of experimental and simulated etch rates for the unit sphere, the present approach requires less parameters and less experimental data. Compared to previous KMC studies, where the atom-specific rates were determined by matching the experimental and simulated surface morphologies for a few surface orientations, the proposed evolutionary KMC approach provides a more flexible, autonomous procedure to describe correctly a wider variety of etching conditions. 11
